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ABSTRACT 
We develop a framework that allows a multivariate system of long memory processes to be 
conditional on specific regimes to investigate the effects of credit rating agencies (CRAs)’ 
sovereign credit re-ratings on European stock and currency return distributions over the period from 
1996 to 2012. We find evidence across rating regimes to support the usefulness of our proposed 
model in accommodating both long memory and regime switching features. Furthermore, we reveal 
that the total effects (both direct and indirect forces) of sovereign credit assessments on the first 
four realized moments of return distributions can be different to their direct effects on individual 
moments. Thus, we find the rank orders among the three major CRAs to differ for each realized 
moment and asset market. 
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1. Introduction 
Sovereign credit ratings, which publicly reveal opinions of specialist information 
intermediaries about the credit quality of a national government, are expected to influence the 
behavior of asset prices, especially during periods of market uncertainty and financial instability. 
Yet, the Credit Rating Agencies (CRAs) that provide this information, have often been criticized 
for their slow responses to financial crises as well as their inability to forewarn market participants 
(see Mora, 2006 and Gorton, 2008). It is, therefore, necessary to assess the impact of credit rating 
decisions provided by CRAs on the behavior of financial markets. 
This paper develops a new approach to accurately capture the impact of sovereign credit 
assessments on financial return distributions. Focusing on financial return distributions enables an 
improved understanding of financial market participants reaction to sovereign ratings information 
and can also better inform other financial decisions for risk management and asset allocation 
purposes. The dynamics of higher return moments such as variance, skewness and kurtosis are 
documented to influence asset prices (see among others, Harvey and Siddique, 2000, Athayde and 
Flôres, 2003 and Mandelbrot and Hudson, 2004). The asymmetry and more generally, the tail 
behaviour of return distributions are known to be important for asset pricing and investment 
management. Yet the extant literature has traditionally examined the effect of sovereign rating 
changes on the first moment of asset return distributions (see for example, Brooks et al., 2004, 
Gande and Parsley, 2005, Ferreira and Gama, 2007; Hill and Faff, 2010a, Alsakka and ap Gwilym, 
2012a,b) or asset correlations during financial crises (Chiang et al., 2007) but there is a dearth of 
attention on the impacts of credit rating changes on higher asset return moments. A potential reason 
for this void in the literature is the limitation of the parametric methods used in estimating the 
conditional higher moments 2. In recent times, an increasing availability of intra-day data has 
2 Due to the limited availability of high frequency data, the higher moments were often estimated conditionally based 
on the well-known Generalized Autoregressive Conditional Heteroskedastic (GARCH) models and its variants. The 
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provided a better alternative for measuring the higher moments of asset returns using non-
parametric methods. The use of intraday data compared to daily data can give us a better 
representation and more robust estimate of actual asset price behavior (see for instance, Andersen 
et al., 2003).  
In this paper, realized higher moments constructed from intraday returns, are treated as 
observable variables and, therefore, can be modelled directly within an econometric framework. 
Furthermore, we account for the properties of the realized higher moments in the empirical 
modelling process. Our preliminary analyses show that realized returns and skewness exhibit short 
memory behavior; whereas realized volatility and kurtosis are more likely to be long memory 
processes 3 . A long memory process is considered as an intermediate between two classical 
processes, the short-memory (I(0)) and the unit root process (I(1)). More precisely, it is defined 
corresponding to the case of a fractional degree of integration. Our proposed empirical model can 
accommodate fractional degrees of integration thereby capturing both short- and long-memory 
behavior in realized moments. 
A significant number of studies have modelled sovereign credit rating transitions due to its 
critical role in modern credit risk management, valuation and international asset allocation (see 
among others, Bangia et al., 2002, Lando and Skødeberg, 2002, Fuertes and Kalotychou, 2007 and 
Hill et al., 2010b). The estimation of the rating transition probabilities matrix has indicated a regime 
switching behavior in credit ratings which needs to be accounted for in the modelling of sovereign 
estimates of conditional volatility, skewness and kurtosis, therefore, rely heavily on these models’ underlying 
assumptions.  In addition, the problem is magnified within a multivariate system due to the large number of parameters 
that need to be estimated for extracting the outputs of conditional higher moments.   
3 Figure 3 illustrates the long memory behavior of realized volatility and kurtosis since their autocorrelations die out 
slowly and their spectral densities are unbounded at the origins; whereas, the realized return and skewness evolve as 
short memory processes because of their immediate died out autocorrelations and their bounded spectral densities at 
the origins.  
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credit ratings’ financial market impacts. In essence, credit ratings, either in levels or first differences 
(i.e., ratings changes), can be categorised into regimes (states), for example, states of ratings level 
can be defined as each of its letter designations (AAA, AA+,…); whereas, states of ratings changes 
may include stable (i.e. no change), downgrades or upgrades. The consideration of rating regimes 
(or trends in rating changes which we call ‘drifts’) is both useful and novel as this is consistent with 
investors’ use of mental accounting in behavioral finance (Hirschleifer, 2001). Investors are likely 
to respond differently to rating revisions depending on the phase of the credit rating cycle and this 
is supported by the established asymmetric reactions of stock and currency market returns to rating 
downgrades relative to upgrades (Brooks et al., 2004). Hence, we develop an empirical framework 
that not only allows a flexible set of fractional degrees of integration for endogenous variables as 
mentioned earlier but that also captures the perceived regime switching behavior of sovereign credit 
ratings. 
Our study contributes a new empirical framework to the current literature on the market 
impact of sovereign ratings. We allow a multivariate system of long memory processes to be 
conditioned on observable regimes that are based on the characteristics of sovereign credit quality 
assessments across the European region to account for common ratings information. It is 
conceivable that investors within the European Union (EU) would not only respond to credit 
assessments for their own national market but also those given for other EU countries. By 
accommodating both the long range dependencies of realized higher moments and the regime 
switching feature of common sovereign credit ratings information, the properties of these measures 
can be properly accounted for. The necessity of including these features within one framework has 
been supported in the recent literature, for instance, Diebold and Inoue (2001), Haldrup and Nielsen 
(2006) and Haldrup et al. (2010). Our approach is distinguished from existing models as it also 
allows for the presence of exogenous variables. This feature is important for assessing the effects 
of sovereign ratings which are not determined by the system of endogenous variables (i.e. the 
realized moments). Likewise, the feature is also useful as it allows many control variables to be 
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included alongside sovereign credit assessments. Furthermore, we differentiate our approach 
further by using an alternative estimation procedure. The proposed technique, which concentrates 
the likelihood function on fractional degrees of integration, may help to facilitate our model in 
instances with higher dimensions since the objective function is numerically optimized over a 
smaller number of parameters in comparison with existing techniques.        
We illustrate our new approach by empirically investigating the impact of sovereign credit 
assessments on European stock and foreign exchange (FX) return distributions. Alsakka and ap 
Gwilym (2013) provided evidence that sovereign credit assessments presented important signals of 
impending fiscal problems for currency market participants during in the European Debt Crisis up 
to 2010. We examine a longer period from January 1996 to July 2012, to cover the lead up to the 
introduction of the Euro as well as the height of the European sovereign debt crisis (hereafter, EDC) 
in 2011-2012 when the European Central Bank (ECB) was forced to intervene in European financial 
markets with a long term refinancing operation (LTRO) to inject liquidity and lower borrowing 
costs. Previous studies on the EDC like Calice et al. (2013) have documented widening credit 
spreads up to 2010 across Europe but the subsequent developments in European financial markets 
are less clear. Not surprisingly, all CRAs have been particularly active in downgrading European 
sovereigns during the recent debt crisis with on average, nearly 70% of all rating downgrades in 
our sample taking place since December 2008 (the onset of the EDC) (see Fig. 1).  
We contribute comprehensive and new evidence of sovereign rating impacts on European 
financial markets during the EDC. We employ sovereign ratings data from Standard and Poor’s, 
Moody’s and Fitch – the three main CRAs in the world - in order to find out which agency has the 
greatest impact on financial return distributions via their first four realized moments. Although 
previous studies have indicated the largest impact is from Standard and Poor’s (e.g., Reisen and 
Maltzan, 1999, and Brooks et al., 2004), recent activities of the CRAs during the EDC may change 
their rank orders. In line with this view, Alsakka and ap Gwilym (2012a, 2013) find that over the 
period from 1994-2010, Fitch’s sovereign credit signals induced the most timely currency market 
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responses. In addition, previous studies investigated the issue based on causality tests and conducted 
event studies, which may only capture the direct effects of the CRAs’ re-rating activities. We argue 
that the market impact of the CRAs should be measured in terms of their total effects, which include 
both direct and indirect forces. In a multivariate framework, where the inter-relationships among 
realized moments are captured, we define the indirect effects of the CRAs on a realized moment as 
the spillover effect that goes through other realized moments. This effect has been ignored in the 
literature but is important for gauging the full effects of sovereign credit assessments on financial 
return distributions. Lastly, in this paper, we further contribute to the literature by developing a tool 
that can capture the total effects of the CRAs to reveal which agency elicits the greatest market 
reactions (i.e., has the most influence on financial return distributions in our context). We believe 
this is the first study to distinguish between the direct and indirect effects of credit rating agencies’ 
actions within financial markets and it is important to consider both manifestations on financial 
market stability.      
The remainder of this paper is organized as follows. We describe the data construction in 
section 2. Section 3 proposes our new econometric model and its estimation procedure. We discuss 
the findings of our empirical analysis of the European financial markets in section 4. An impulse 
response of a transfer function is developed to reveal the most powerful CRA in section 5. Finally, 
we conclude our research in section 6.                                
2. Data 
We capture 5-minute intraday stock and FX market prices in some European Union (EU) 
countries from the Thomson Reuters Tick History (TRTH) database provided by the Securities 
Industry Research Centre of Asia-Pacific (SIRCA). By using 5-minute intraday data, we can 
minimise the problem of measurement error due to a reduction of microstructure biases4. The 
4 It is commonly known that microstructure biases (e.g., bid-ask bounce, price discreteness and nonsynchronous trading) 
cause measurement errors in the computation of realized volatility. However, Andersen et al. (2001) demonstrated that 
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sample period studied is from January 1996 to July 2012, which covers the period from pre- Asian 
Financial Crisis until the recent European Sovereign Debt crisis (EDC). We employ the FX data 
quoted against the USD from 21 countries: Austria, Belgium, Bulgaria, Cyprus, Czech, Denmark, 
France, Germany, Greece, Hungary, Ireland, Latvia, Malta, Netherlands, Poland, Portugal, 
Romania, Slovakia, Spain, Sweden and the United Kingdom. However, due to limited availability 
of the high frequency data, our dataset for stock markets only consists of 10 stock market indices 
from within the European Union (EU), including Austria, France, Germany, Greece, Hungary, 
Ireland, the Netherlands, Romania, Spain and the United Kingdom. 
In addition, we employ historical long-term foreign currency sovereign credit rating and credit 
outlook and watches from three leading CRAs - Standard and Poor’s, Fitch and Moody’s. This will 
enable an assessment on which CRA influences European stock market returns the most via its 
sovereign rating actions. Due to the irregular timing of ratings announcement, we focus our analysis 
on a monthly basis. We follow the approach of Gande and Parsley (2005) and Ferreira and Gama 
(2007) among others to transform the sovereign rating and credit outlook and watches into linear 
scores5. We summarize all rating news released during each month using the comprehensive credit 
rating (CCR) measure6. Figure 1 illustrates how active the CRAs are in re-rating EU sovereign 
obligors. As can be seen, the CRAs have more often upgraded than downgraded EU countries over 
the entire sample period but not surprisingly most of the downgrade news on EU nations were 
released during the most recent sovereign debt crisis (around 70% of all downgrade rating news in 
our sample). Among the three CRAs, Fitch seems to be the least active agency in downgrading EU 
sovereigns; whereas, the number of upgrades released by Moody’s for EU countries is the smallest 
simulations of the 5-minute sampling interval produce mean square errors relatively close to the optimal interval. 
Besides, the use of 5-minute data to construct realized skewness and kurtosis is suggested by Amaya et al. (2013).   
5 Details will be available upon request. 
6 The CCR is calculated as the sum of linearized sovereign credit ratings and the credit outlook/watches following the 
approach of Gande and Parsley (2005).  
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suggesting that they are the most conservative of the major CRAs. Overall, the absolute number of 
rating announcements has indicated that Standard and Poor’s can be considered as the most active 
rating agency for countries in the EU (corroborating with prior studies that compare across rating 
agencies such as  Brooks et al., 2004)7. 
 [Insert Figure 1 here] 
To construct a proxy for the opinion of a CRA about the sovereign credit quality of the EU 
overall, we utilise the sovereign rating drift measure, which is the average change in credit quality 
across all EU member countries. The rating drift across the EU can be calculated for each CRA as, 
                                                       (1) 
where is the first difference of the CCR measure of country i, and m is the number of 
countries used to construct the rating drift. Since we aim to assess the opinion of a CRA about the 
whole EU overall, we include historical sovereign ratings data of all 27 EU countries to construct 
the drift measure. The sovereign rating drift adequately reflects the view of a CRA on the average 
trend in the credit quality of all sovereign obligors in the EU region as a whole. The plots of the 
sovereign credit rating drifts for the three major CRAs shown in Figure 2 indicate that the rating 
drifts can be classified into three observable regimes or states over time, which are zero, positive 
and negative zones. These three zones can be inferred as the regimes of stable, upward and 
downward trends in sovereign credit quality across the EU as perceived by each of the CRAs. 
Furthermore, it can be observed that most of the negative rating drifts are in the period of the 
sovereign debt crisis, consistent with what has been shown in Figure 1. We can, therefore, consider 
the regime of downward sovereign credit quality as primarily the episode of the European sovereign 
debt crisis (EDC). 
7 Over the entire sample period, Standard and Poors released 112 downgrades and 124 upgrades. Meanwhile, Moody’s 















                                                          
[Insert Figure 2 here] 
To model the stock market and FX return distributions, we construct their higher moments 
based on intraday returns rather than employing daily close to close prices since the use of intraday 
data is widely documented to provide more consistent and efficient estimates (see Andersen and 
Bollerslev, 1998, Barndorff-Nielsen and Shephard, 2001 and Andersen et al., 2003 among others). 
The daily realized returns constructed from intraday returns are identical to the usual daily 
returns calculated from daily close to close prices,    
                                                            (2) 
where ri,t denotes the ith 5-minute logarithmic return during day t and D denotes the total number 
of 5-minute logarithmic return intervals during any trading day. 
We follow Andersen et al. (2003) and Amaya et al. (2013) to define the realized volatility 
(RVt), realized skewness (RSt) and realized kurtosis (RKt) respectively as8, 
                                                                (3) 
                                                        (4) 
                                                           (5) 
To facilitate empirical testing, the monthly realized measures are then constructed as averages 
of corresponding daily realized series. 
We graph the sample autocorrelations and spectral densities of realized returns, (logged) 
realized volatility, realized skewness and (logged) realized kurtosis for a lag of 50 months in Figure 
8 The properties of realized volatility as defined in Eq. (3) are well analyzed in the literature (e.g., Andersen and 
Bollerslev, 1998 and Andersen et al., 2003). Meanwhile, the limits of realized skewness and kurtosis under the forms 








































                                                          
39. There is evidence of long memory behavior in the realized volatility and realized kurtosis series 
(ie., second and fourth moments) revealed by the slow hyperbolic autocorrelation decay and the 
most mass at the zero frequency of the spectral densities. Meanwhile, the sample autocorrelations 
of realized return and realized skewness fluctuates around zero during the displacement of 50 
months, exhibiting the property of short memory processes.  
[Insert Figure 3] 
3. Econometric modelling 
The properties and features of the four realized moments of financial returns and the sovereign 
rating drifts discussed in the previous section, motivate us to develop a flexible multivariate 
framework that can capture both long memory and regime switching behavior in these series. 
Although there have been some studies debating the interchange between long memory and 
non-linear models10, it is necessary in our case to simultaneously accommodate both long range 
dependencies and regime switching behavior in order to adequately account for the properties of 
our variables of interest. The recent literature also supports the importance of including these 
features within a single framework, for instance, Diebold and Inoue (2001), Haldrup and Nielsen 
(2006) and Haldrup et al. (2010). In our case, the sovereign rating drifts are clearly distinguished 
by three separate regimes, which represent the periods of stable, upward and downward trends in 
sovereign credit quality11. In the stable period, sovereign rating drift has no impact on the financial 
return distribution as it is equal to zero. On the other hand, in the upward and downward regimes, 
9 We utilize the natural logarithm of realized volatility and kurtosis in our analysis consistent with the extant literature 
(e.g., Andersen and Bollerslev, 1998 and Andersen et al., 2003). Furthermore, the use of realized logarithmic volatility 
and kurtosis help us to avoid the non-negativity conditions in modeling. Therefore, when we refer to the realized 
volatility and kurtosis measures, they are in natural logarithmic forms.   
10 See for example, Granger and Ding (1996), Bos et al. (1999) and Granger and Hyung (2004). 
11 We can also interpret these regimes as the periods in which CRAs release good news and bad news regarding 
sovereign credit quality across the EU.  
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the impact of sovereign ratings drift on financial return distributions and the characteristics of the 
financial return distribution itself can be very different. Accordingly, the long memory behavior of 
the realized moments of asset returns should not be fixed across the three regimes. Instead, we allow 
long memory behavior under the form of fractional integration to vary across these regimes of 
sovereign rating drifts. That is, to examine how financial return distributions behave during the 
periods of upward and downward rating drifts, we consider the ex-ante regimes that are defined by 
the direction of the sovereign rating drifts.      
We utilise a multivariate long memory model with exogenous variables that are allowed to 
switch between different regimes. We model the realized moments of asset returns as endogenous 
variables in the system and we take the view that the sovereign ratings drift is not necessarily 
explained by the system of those realized moments. This assumption is supported by the myriad of 
prior studies showing the significant market impact of sovereign credit ratings information (see 
inter alia, Alsakka and ap Gwilym, 2012a, Brooks et al., 2004, and Hill and Faff, 2010a). The 
sovereign ratings drift is rather determined by public information as well as the private information 
owned and subjectively assessed by the CRAs. Therefore, we treat the sovereign ratings drift as an 
exogenous variable, which defines the states (regimes) and may help to explain the realized return-
based measures. Our model is different to the existing models in the literature (e.g., Haldrup and 
Nielsen, 2006 and Haldrup et al., 2010) in the sense that it allows for the existence of exogenous 
variables. We further distinguish our model by proposing a different technique used in the 
estimation procedure. This technique enables our model to be applicable for a higher dimensional 
system, which is also an advantage over existing models as we can model the first four realized 
return moments simultaneously. Instead of numerically optimizing the objective likelihood function 
with regards to all parameters as in the literature, we further concentrate the objective function with 
regards to the degrees of fractional integration. Hence, the numerical optimization procedure is 
much faster and, perhaps, more reliable than previously possible. 
3.1 Model specification and assumptions                  
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Let the K-dimensional time series, , follow a Markov Regime Switching and 
Fractionally Integrated Vector Autoregressive model with n exogenous variables (MS-FIVARX), 
: 
 
We define as the observable regime variable which is characterized by the 
behavior of one of the exogenous variables Rt and follows an ergodic M-state Markov chain process 
with a (M×M) irreducible transition probability matrix, },...,2,1,;{P Mjipij == . We define 
 and . In other words, pij is the probability that 
a regime i is followed by a regime j.  
The operator, , where p is the lag order of the lag polynomial and 
 is the (K×K) matrix of coefficients associated with the endogenous variables.  is the 
(K×n) matrix of coefficients associated with the exogenous variables. The operator  is a 
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We can employ the binomial expansion to operationally generate the term as,   
 
where is the gamma function; , and , for . 
As in the representation of the MS-FIVARX, all the coefficient matrices, the degrees of 
fractional integration as well as the variance – covariance matrix of error terms are assumed to be 
regime dependent, which means that they are conditional on st, for example, 
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 To ensure the adequacy, stationarity and to avoid the multicollinearity problems, the 
following additional assumptions have been made for our MS-FIVARX model: 
Assumption 3.1: ;  are (K×K) positive definite 
matrices, , for all . 
Assumption 3.2: All the roots of 
 
fall outside the unit circle 
and  for all . 
Assumption 3.3: Yt has no deterministic trend.  are not perfectly collinear and 
each element of is independent of each other.    
3.2 Estimation of transition probabilities 
Since the regime variable st is assumed to be observable and determined by the behavior of 
the exogenous variable Rt, we may exploit Rt to count the number of the observations in each regime 
as well as the number of transitions among regimes. These figures subsequently can be used to 
estimate the transition probability matrix P. Therefore, the maximum likelihood estimates (MLEs) 
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where nij is the number of times that we observe a regime i that is followed by a regime j. 
3.3 Estimation of the model’s parameters 
We obtain the estimates of remaining parameters in the model by using the quasi maximum 
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specification (6) follows a Fractionally Integrated Vector Autoregressive framework with 
exogenous variables (FIVARX). Hence, the CLF of our MS-FIVARX model in a specific regime 
can borrow the form of the CLF of a FIVARX model.  
For simplicity, we ignore the term st in constructing the CLF of a MS-FIVARX model in a 
specific regime since it is in fact under the representation of a FIVARX model. Let us consider, 
NtRYLDLA ttt ,...,2,1,)()( =+∇= ε                                   (9) 
Further, we assume that the p pre-sample values of each endogenous variable, , are 
























































Lemma 3.1:  
Let the assumptions 3.1, 3.2, 3.3 hold and the variance-covariance matrix of error terms is 
written as a function of all parameters as,  
 
For a given memory parameter d, can be denoted as  , then the 
following results hold,  
 is minimized at , and, . 
Following Lemma 3.1, we can obtain the CLF with regards to the memory parameter d of a 
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Let the assumptions 3.1, 3.2, 3.3 hold, the concentrated log-likelihood function with respect 
to the vector of memory parameters  of a FIVARX model is,  
 
where, and the estimators are obtained by, 
, and 1)ˆˆ(ˆˆˆ −′′= ZZZXB  
According to Proposition 3.1, we can obtain the conditional log-likelihood functions of our 
MS-FIVARX model, apart from constants, for a specific regime i as follows, 
, 
where  is the indicator function returning 1 if  and 0 otherwise. 
The full-sample CLF of a MS-FIVARX model with respect to the vector of memory 
parameters is given by 
 
. 
Alternatively, we collect all the information of the regimes during the sample period in a 
 vector, [ ]′==== )(),...,2(),1( MsIsIsI ttttξ , and, the variance-covariance matrices of 
error terms concentrated on )( tsd , , for M regimes in the  matrix,
)](),...,([ )()1( Mss tt dd == ΣΣ=Σ εε . We have the ultimate representation of the full-sample CLF of a 
MS-FIVARX model as12, 
                                             (10) 
12 Detailed proofs of Lemma 3.1 and Proposition 3.1 as well as derivation to achieve the form of (10) are available upon 
request. 

















































                                                          
At the first stage, the memory parameters can be obtained by numerically maximizing 
the  with respect to , . 
Remaining parameters  for each regime are extracted conditional on estimator using 
the results obtained in Proposition 3.1. 
4. Empirical results 
We utilise our proposed model by employing realized return-based measures constructed in 
section 2 to investigate the impact of the sovereign ratings drifts on stock market and FX return 
distributions within the EU. Since the preliminary analyses performed in section 2 affirmed the 
short memory behavior of realized returns and skewness, we restrict their memory parameters to be 
zero. The fractional degrees of integration for realized volatility and kurtosis are allowed to vary 
across regimes. As discussed in previous sections, we distinguish the relationship between realized 
return moments and CRA sovereign rating changes into three regimes which are defined by the 
properties of the sovereign rating drifts. These regimes can be considered as the periods of stable, 
upward and downward assessments of sovereign credit quality, corresponding to zeros, positive and 
negative values on sovereign ratings drifts respectively. We focus on the results obtained in the 
upward and downward regimes. Also, as noted in section 2, the time series plots of the sovereign 
ratings drifts (Figure 2) indicate that the period of the EDC is prominent and covers almost the 
entire downward regime. We, therefore, consider the downward state as a representation of the 
European sovereign debt crisis. 
More importantly, to facilitate the interpretation of the effects of downward sovereign rating 
drifts on each realized moment, we employ the absolute values of the downward drifts in modelling. 
Hence, a positive relationship between the drifts and the realized return in the downward regime, 
for example, can be interpreted as more negative assessments of sovereign credit quality will lead 
to an increase in the realized return consistent with the basic risk-return trade-off in Finance theory. 
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We choose the optimal lag length p for the model so that the innovations mimic the white 
noise processes and the parsimonious criteria is satisfied. We, therefore, end up with the lag length 
of order 1 for our models. This result is reasonable as both characteristics of the measures, the long 
memory and regime switching features, which may require a large number of lag orders have been 
captured by the specification of the proposed model. The estimated results show that all the roots 
fall outside the unit circle and the memory parameters are in the range from -0.5 to 0.5, an indication 
of stationarity13.    
4.1 The transition probability matrices 
As the regimes are observable, we can easily calculate the estimates of transition probabilities 
for each regime according to formula (8). We present the estimated results of the transition 
probability matrices in Table 1.  
[Insert Table 1] 
The estimates indicate an average level of persistence of the regimes. The probabilities that 
the sovereign rating drifts stay in one regime are at most 0.5. Among all, the probabilities of staying 
in the upward regime are the lowest (i.e., 0.25, 0.38 and 0.28 for the Standard and Poor’s, Fitch and 
Moody’s respectively). There is a relatively high likelihood of remaining in the stable state (i.e., 
0.38, 0.48 and 0.49 for Standard and Poor’s, Fitch and Moody’s respectively) compared to either 
upward or downward states, consistent with the view that CRAs provide long-term assessments on 
sovereign credit quality and the practice of rating through the cycle. These figures in conjunction 
with the probabilities of residing in the upward regime, however, imply somewhat that the CRAs 
have not been active in re-assessing sovereign credit quality across the EU prior to the onset of the 
EDC. In contrast, there are relatively high levels of persistence in the downward regime (i.e., 0.45, 
0.50 and 0.39 for Standard and Poor’s, Fitch and Moody’s respectively) indicating that CRAs seem 




                                                          
to have learnt lessons from the Global Financial Crisis and have become more active in 
downgrading sovereign credit quality throughout the EDC.        
4.2 Impact of the sovereign credit assessments on financial return distributions 
In this section, we analyse the direct impacts of the sovereign ratings drift on each realized 
moment of the EU stock and FX return distribution by using the Granger Causality test. Hence, we 
extract the estimates of the vector  and their corresponding t-statistics.14  
Direct impacts on European stock and FX realized returns 
We report the effects of sovereign credit quality assessments on realized returns across both 
the upward and downward regime in Table 2. As can be seen, the sovereign ratings drifts are likely 
to have insignificant impacts on stock market realized returns in both upward and downward 
regimes. This result implies that the overall assessments of CRAs on European sovereign 
creditworthiness have limited direct contribution to changes in realized stock market returns across 
the EU. However, if we focus on the direction instead of the significance of the relationship, we 
find a negative impact of the upward rating drifts on realized stock market returns while downward 
rating drifts tend to have positive effects. This finding is consistent with the basic risk-return trade 
off theory in Finance since the upward trend in the sovereign credit quality evaluation reveals a 
tendency of lower credit risk; whereas, the downward trend indicates increasing credit risk. 
[Insert Table 2] 
We find that realized FX returns react significantly to Standard and Poor’s re-ratings in the 
upward regime but respond more to Moody’s re-ratings in the downward regime (during the EDC). 
Interestingly, this result differs from previous studies in two ways. Firstly, our result indicates that 
FX returns react positively to only Standard and Poor’s upward rating drift; whereas Alsakka and 
ap Gwilym (2010, 2013) find a dominant role of Moody’s positive news. Secondly, while Alsakka 
14  For the purpose of calculating the t-statistics, we obtain the asymptotic covariance matrix of the concentrated 




                                                          
and ap Gwilym (2013) report an association between negative rating news and significant currency 
depreciation, we find a positive impact of Moody’s downward rating drift on FX return. Our result, 
nevertheless, is consistent with the basic risk-return trade off theory as noted previously. One 
possible explanation for our different results with the literature is our focus on the impact of the 
overall EU creditworthiness assessment, while previous studies look at the effect of sovereign 
ratings of individual countries. Hence, we contribute new evidence on sovereign rating impacts at 
a regional level to cater for the unique economic arrangement within the EU.  
       
  Direct impacts on European stock market and FX realized volatility 
The effects of sovereign credit assessments on realized volatility across both upward and 
downward regimes are shown in Table 3. It can be observed that the sovereign rating drifts have 
limited impacts on both stock and FX realized volatility in the upward regime. However, there is 
more evidence of their significant effects in the downward regime. This result indicates that the 
assessments of the CRAs on sovereign credit quality across the EU have greater effects on the 
uncertainty and/or the dispersion of opinions with respect to the value of European stocks and 
currencies during the recent EDC. 
[Insert Table 3] 
As expected, we find a consistently negative relationship between the upward rating drifts 
and realized volatility in both stock and FX markets. Meanwhile, the downward rating drifts have 
significant and positive effects on realized volatility. The results unambiguously indicate that 
improvements in CRAs’ assessments on sovereign credit quality across the EU reduces stock and 
FX market uncertainty; whereas continuing negative assessments will increase market uncertainty. 
This finding is consistent with the empirical results which we obtained in analysing the direct 
impacts of ratings drift on realized returns from the previous sub-section. The explanation for this 
consistency can be based on the risk-return trade off theory in Finance.      
Direct impact on European stock and FX realized skewness 
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Table 4 reports the effects of sovereign credit assessments on realized skewness in stock and 
FX markets across both upward and downward regimes. For the stock market, we find that the case 
of Standard and Poor’s sovereign ratings drift provides strong evidence of the direct effects in the 
upward regime; whereas, in the downward regime, more evidence of the direct effects is revealed 
for Fitch’s sovereign ratings drift. This result indicates that Standard and Poor’s assessments on 
sovereign creditworthiness within the EU have relatively broader impacts on the asymmetry of 
stock market return distributions during periods of financial stability. Meanwhile, Fitch has 
evidently played a more critical role in this regard during the recent EDC. In the FX market, we 
observe the reverse situation since Fitch’s ratings delivers greater direct effects in the upward 
regime; whereas, Standard and Poors’ rating effects are stronger in the downward regime. 
[Insert Table 4] 
Interestingly, in terms of both stock and FX markets, we mostly find a positive relationship 
between sovereign ratings drift and realized skewness in both upward and downward regimes. 
Hence, regardless of the upward or downward direction, as long as the ratings drift changes (i.e., 
more rating news are released), the magnitude of the positive extreme returns in EU stock and FX 
markets is larger (more right-skewed).  
Direct impact on European stock and FX realized kurtosis 
The effects of sovereign credit assessments on realized kurtosis across both upward and 
downward regimes are summarized in Table 5. We find limited evidence of significant effects in 
the upward regime but greater evidence of the significant relationship between sovereign ratings 
drifts and realized kurtosis can be found in the downward regime. Hence, the results show that the 
assessments of the CRAs on overall sovereign creditworthiness across the EU have greater impacts 
on the occurrence of extreme returns in stock and FX markets during the EDC. 
[Insert Table 5] 
In addition, we mostly find the negative relationship between the sovereign ratings drift and 
realized kurtosis in the downward regime; whereas, the upward rating drifts tend to positively affect 
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realized kurtosis. These results indicate that an upsurge in the downward (upward) trend of the 
CRA’s assessments on EU sovereign obligors will significantly lower (increase) the peak of stock 
and FX return distributions for European countries. This result is consistent with what we have 
found in the analysis of the direct impacts of sovereign credit assessments on realized volatility. 
This is because a return distribution with a lower (higher) peak corresponds to a distribution with 
more (less) return dispersion. Besides, as mentioned in the previous sub-section, we note that an 
increase in the downward (upward) rating drift will heighten (decrease) stock and FX market 
volatility across the EU.             
5. The most dominant credit rating agency 
 The empirical results discussed so far confirm certain impacts of each CRA’s sovereign 
ratings on financial return distributions via its first four realized moments. It, however, remains 
questionable which CRA has the largest effect on financial markets. In section 4, we assessed the 
direct impact of CRAs’ assessments using Granger Causality tests. Yet, this method is not 
applicable to address the issue of dominance amongst the CRAs as this should be reflected by their 
total effects including both direct and indirect forces. Because of the inter-relationship among 
realized moments, which is also captured in our multivariate system, the indirect effects of the 
sovereign rating drifts on a realized moment is the spillover effect that goes through other realized 
moments in the system. In this section, we develop a tool, which we call the impulse response of a 
transfer function (IRTF), to capture those total effects of the CRAs’ assessments. The IRTF 
describes how endogenous variables react when there is an exogenous shock to the exogenous 
variables. The function, therefore, is ideal for capturing the total responses of a financial return 
distribution to a change in the sovereign ratings drift since such a change is usually caused by a 
shock from outside arriving under the form of public or private information which is assessed by 
the CRAs. 
5.1 Impulse response of a transfer function 
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Under the basic assumptions which have been made in previous sections, we can rewrite 
model specification (6) under an infinite moving average representation (MA(∞)). Similar to what 
has been derived in Do et al. (2013), we can easily obtain:  
 
where, 
 and , 
The (K×K) coefficient matrix can be calculated using the following relationship, 
, 
where  is the diagonal (K×K) matrix with  (noted in formula (7)) as the j
th element, and 
is obtained according to the following recursive relationship, 
 
Based on the MA(∞) representation of a MS-FIVARX model, we employ the generalized 
approach proposed by Koop et al. (1996) to develop our IRTF. The IRTF at a horizon h is, therefore, 
defined as the difference between the conditional expectation of Yt+h, given the information set 
available at time t-1 (after incorporating the effect of the shock on exogenous variables) and the 
conditional expectation without the effect of the shock, 
, 
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Under an additional assumption that , we ultimately obtain the full matrix of 
impulse responses of a transfer function as15,  
                                               (11) 
where },...,,{diag 21* nδδδ=Ξ is a (n×n) diagonal matrix characterized by elements of the shocks 
to Rt 16.  
Accordingly, we can interpret the (i, j) element of as the response of the ith 
endogenous variable at horizon h (i.e., at time t+h) to a shock hitting the jth exogenous variable at 
time t. 
It can be easily seen that under equation (11), the indirect effects of the exogenous shock in 
Rt on Yt are captured in the matrix ; whereas, the direct effects are captured by the matrix .   
5.2 Empirical results on impulse response analyses 
We calculate the IRTF based on a one standard deviation shock in the sovereign ratings drift 
as this is the usual choice in the literature featuring impulse response analyses. We report the 
average responses of EU stock market and FX realized moments to the shock in the sovereign 
ratings drift for 20 periods ahead in Figures 4 and 5, respectively. 
[Insert Figures 4 & 5] 
As can be seen, Standard and Poor’s assessments have the greatest impact on stock market 
realized returns and skewness for the first 5 periods ahead in the upward regime. This result is 
consistent with the literature, for example, Reisen and Maltzan, 1999, and Brooks et al., 2004, also 
find that the rating actions of Standard and Poor’s affect stock market returns more than other CRAs. 
However, the case of higher moments has not been investigated to date. In our analysis, the 
15 We use the MA(∞) representation of Yt to derive the difference between the two conditional expectations and obtain 
the final form of the IRTF accordingly. Since the steps involved are trivial, we skip to the results to conserve space. 














                                                          
empirical results show that the sovereign rating drifts constructed from Fitch ratings have the largest 
effect on stock market realized volatility in the upward regime; whereas, the magnitude of effects 
on stock market realized kurtosis is not clearly distinguishable among the major CRAs.      
In the most recent sovereign debt crisis represented largely by the downward regime, the rank 
of the CRAs regarding the magnitude of the effects on realized moments has changed. We find 
interesting results that Moody’s assessments on overall EU sovereign creditworthiness have the 
greatest impact on almost all stock market realized moments around the first 5 periods. The only 
exception is the effects on realized volatility, for which Moody’s shares the 1st ranking with Fitch 
ratings since their effects are quite comparable. 
In terms of the FX market, we consistently observe that Standard and Poors and Fitch’s ratings 
drifts have the greatest impact on FX realized higher moments in both upward and downward 
regimes. Meanwhile, the magnitude of the effects on FX realized returns during the EDC is about 
five folds greater than in stable periods. These findings are in line with the findings of Alsakka and 
Gwilym (2012a, 2013) but we differ in identifying a strong impact for Standard and Poors as well 
as Fitch’s ratings when indirect effects on higher moments are considered.   
In addition, we note that there is a contradiction in the result between the IRTF (in this section) 
and the Granger Causality test (in the previous section) in the case of the effects on realized returns 
in an upward regime. For example, we find a negative relationship between sovereign ratings drift 
and the stock market realized returns in the upward regime using the Granger Causality test. 
However, the IRTF confirms this is a positive relationship. The difference in result supports their 
complementary property. While the Granger Causality only tests the direct causal effect, the IRTF 








In this study we investigate the effects of trends in sovereign credit assessments on stock 
market and FX return distributions within the European Union (EU) via their first four realized 
return moments. To do so, we develop a multivariate framework to precisely capture the full effects 
of CRAs’ sovereign credit assessments on financial return distributions by allowing endogenous 
long memory variables to be conditional on observable regime switching in exogenous variables. 
The model is motivated by the necessity to fully investigate the impacts of sovereign credit quality 
assessments on financial return distributions as there is a dearth of attention on the impacts of CRA 
announcements beyond the usual first and/or second moments of asset returns. The consistent and 
robust estimates of moments of the return distribution (i.e., the realized moments) exhibit long 
memory behavior whilst the regime switching feature of sovereign ratings has been widely 
documented. Thus, our proposed model is designed to capture both of these features in order to 
separately account for the properties of these variables of interest.  
Our empirical results confirm the heterogeneous effects of rating actions across regimes, 
which are defined to correspond to the upward and downward trends in sovereign credit assessments 
by individual CRAs. Hence, these results illustrate the usefulness of the proposed model since 
misleading conclusions may be made if the process is not allowed to be conditional on separate 
states of creditworthiness. More specifically, we mostly find a negative relationship between the 
overall EU sovereign credit assessments and realized returns in the upward regime, yet the positive 
relationships are observed in the downward regime. These findings are consistent with the basic 
risk-return trade-off in finance theory, and are further confirmed by the results of sovereign rating 
impacts on realized volatility. The evidence mostly shows negative effects of rating drifts on 
realized volatility in the upward regime but positive effects in the downward regime. Furthermore, 
changes in the overall ratings trend (both upward and downward) results in stock and FX return 
distributions being more right-skewed. Meanwhile, in terms of realized kurtosis, we find an upsurge 
in the downward (upward) EU sovereign rating drifts will significantly lower (increase) the peak of 
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the EU stock and FX return distributions. The finding is consistent with empirical results obtained 
in analysing the impacts on realized volatility. 
 In this paper, we also note that the total effects of the sovereign credit assessments on realized 
moments can be different from their direct effects alone. This is due to the indirect effects, which 
are caused by the inter-relationships and spillovers between the realized return moments. Therefore, 
we argue in this paper that the total effects, rather than the direct one, should be employed to 
investigate which CRA provides the greatest impact on financial return distributions. We find that 
the rank orders among the CRAs differ for each realized moment and asset market. In the periods 
of financial stability, the assessments of S&P have the greatest effect on stock market realized 
returns and skewness; whereas Fitch’s rating actions have the largest impact on stock market 
realized volatility across the EU. Meanwhile, Moody’s rating activities dominate during the recent 
European sovereign debt crisis. Besides, we consistently find that S&P and Fitch share the 1st rank 
order in having the largest effects on FX realized higher moments. This is possibly due to Fitch 
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Note: The first chart summarizes the number of rating downgrades and upgrades released by the three credit rating 
agencies (CRAs), namely Standard and Poors ( S&P), Fitch and Moody’s during our full sample period. The second 
chart reports the proportion of rating events that the CRAs released during the European sovereign debt crisis beginning 
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Figure 2-The European Union sovereign ratings drift   
 
Note: This figure reports the sovereign ratings drifts constructed according to formula (1) from historical long-term 
foreign currency sovereign credit ratings data for all 27 EU countries covered by Standard and Poor’s, Fitch and 
Moody’s. 
Figure 3-Sample autocorrelation functions and spectral densities of the realized moments 
 
Note: This firgure presents sample autocorrelations and spectral densities of a representative stock market realized 
return, (logged) realized volatility, realized skewness and (logged) realized kurtosis for a lag of 50 months.  




















































Figure 4-Average responses of the EU stock realized moments to the sovereign rating drift 
 
 
Figure 4a: Average responses of the EU stock realized moments to the shock in upward rating drifts 
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Figure 5-Average responses of the EU FX realized moments to the sovereign rating drift 
 
 
Figure 5a: Average responses of the EU FX realized moments to the shock in upward rating drifts 
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Table 1-Transition probability matrices of sovereign rating drifts 
Transit 
from state  
Standard and Poor’s  Fitch  Moody's 
Stable Upward Downward  Stable Upward Downward  Stable Upward Downward 
Stable  0.38 0.44 0.19  0.48 0.38 0.14  0.49 0.29 0.21 
Upward  0.58 0.25 0.17  0.45 0.38 0.17  0.57 0.28 0.15 
Downward  0.33 0.22 0.45  0.35 0.15 0.50  0.41 0.20 0.39 
Note: This table presents the transition probability matrices of the sovereign rating drifts constructed as in formula (1) 
from sovereign ratings data provided by Standard and Poors, Fitch and Moody’s. The drifts are categorised into three 
observable states, namely the Stable, Upward and Downward assessments of sovereign credit quality corresponding to 
zeros, positive and negative values of the sovereign ratings drifts. The reported transition probabilities are the 
probabilities that the states noted in the rows followed by the states noted in the columns of the table. 
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Table 2a-Direct impact of sovereign rating drifts on the EU stock realized return 
Countries 
Upward rating drift  Downward rating drift 
S&P Fitch Moody's  S&P Fitch Moody's 
Austria -0.483 -0.445 0.066  -0.009 -0.367 -0.188 
 (-0.970) (-0.747) (0.354)  (-0.023) (-0.893) (-0.679) 
France 0.371 0.334 0.432  -0.202 0.268 -0.138 
 (1.103) (1.315) (3.291)***  (-0.768) (0.933) (-0.626) 
Germany -0.309 0.410 0.300  -0.002 0.415 0.343 
 (-0.640) (0.881) (1.630)  (-0.006) (1.325) (1.593) 
Greece -2.357 -0.516 0.192  0.571 1.704 0.009 
 (-2.342)** (-0.651) (0.765)  (1.292) (3.889)*** (0.020) 
Ireland 0.135 -0.058 0.186  0.030 0.411 0.233 
 (0.290) (-0.141) (1.386)  (0.134) (1.446) (0.906) 
Netherlands -0.238 -0.045 0.392  0.044 0.338 0.368 
 (-0.619) (-0.115) (2.924)***  (0.173) (1.397) (2.081)** 
Spain 1.946 0.973 0.099  -0.139 0.495 0.063 
 (4.994)*** (2.718)*** (0.500)  (-0.377) (1.486) (0.276) 
The UK -0.492 -0.139 -0.047  -0.526 0.041 0.462 
 (-1.193) (-0.525) (-0.370)  (-2.849)*** (0.131) (2.871)*** 
Hungary -0.704 -1.020 0.096  0.343 0.261 -0.042 
 (-1.167) (-2.494)** (0.467)  (1.324) (0.945) (-0.147) 
Romania -1.084 1.116 0.132  0.512 -0.016 -0.099 
 (-1.062) (1.752)* (0.356)  (1.298) (-0.019) (-0.291) 
Note: This table presents the estimates of the first element of the vector and its associated t-statistic (in 
parentheses). These estimates are interpreted as the impact of upward and downward sovereign ratings drifts on the EU 
stock realized return as computed in formula (2). The sovereign rating drifts, which represent the assessments of the 
CRAs on overall EU sovereign credit quality, are constructed as in formula (1) from ratings data provided by Standard 




Table 2b-Direct impact of sovereign rating drifts on the EU FX realized return 
Countries 
Upward rating drift  Downward rating drift 
S&P Fitch Moody's  S&P Fitch Moody's 
Austria 0.384 0.015 0.032  -0.013 -0.038 0.190 
 (2.967)*** (0.096) (0.444)  (-0.139) (-0.275) (1.915)* 
Belgium 0.348 -0.110 0.101  0.018 0.174 0.086 
 (2.619)*** (-0.683) (1.376)  (0.220) (1.441) (0.931) 
Bulgaria 0.808 0.249 0.285  0.056 0.050 0.118 
 (3.482)*** (1.622) (2.605)***  (0.564) (0.365) (1.271) 
Cyprus 0.082 -0.017 -0.032  -0.008 -0.007 0.165 
 (0.552) (-0.105) (-0.393)  (-0.097) (-0.062) (1.846)* 
Czech 0.529 -0.213 -0.002  0.050 0.141 0.017 
 (2.283)** (-0.888) (-0.016)  (0.282) (0.742) (0.114) 
Denmark 0.342 0.024 0.048  -0.043 -0.053 0.159 
 (1.350) (0.169) (0.790)  (-0.423) (-0.413) (1.804)* 
France 0.427 -0.085 0.070  0.022 0.172 0.161 
 (3.174)*** (-0.565) (1.010)  (0.234) (1.467) (1.702)* 
Germany 0.361 -0.055 0.016  0.023 0.118 0.188 
 (2.769)*** (-0.366) (0.231)  (0.249) (0.930) (2.021)** 
Greece 0.385 -0.034 0.066  -0.031 0.070 0.210 
 (2.645)*** (-0.225) (0.931)  (-0.301) (0.398) (2.429)** 
Hungary 0.617 0.487 0.061  0.138 0.150 0.396 
 (2.550)** (2.408)** (0.438)  (0.664) (0.615) (2.144)** 
Ireland -0.098 -0.137 -0.019  0.092 0.091 0.181 
 (-0.494) (-0.726) (-0.230)  (1.130) (0.683) (1.857)* 
Latvia 0.657 -0.030 0.068  0.057 0.066 0.126 
 (6.429)*** (-0.232) (1.332)  (0.569) (0.451) (1.489) 
Malta 0.265 0.025 -0.207  0.105 0.079 0.272 
 (1.633) (0.120) (-2.636)***  (0.990) (0.530) (2.945)*** 
Netherlands 0.266 -0.002 -0.001  0.028 -0.063 0.060 
 (2.172)** (-0.014) (-0.014)  (0.314) (-0.467) (0.560) 
Poland 0.516 -0.575 0.054  0.111 0.137 0.017 
 (2.315)** (-2.215)** (0.434)  (0.491) (0.500) (0.082) 
Portugal 0.303 0.093 0.138  0.076 -0.038 0.200 
 (2.215)** (0.595) (1.978)**  (0.883) (-0.247) (2.085)** 
Romania 0.831 0.070 0.019  0.033 0.273 0.121 
 (5.035)*** (0.310) (0.163)  (0.257) (1.767)* (1.093) 
Slovakia 0.426 -0.096 0.023  0.056 0.318 0.166 
 (2.284)** (-0.569) (0.314)  (0.511) (2.414)** (1.368) 
Spain 0.349 0.089 0.155  0.007 0.169 0.235 
 (2.270)** (0.550) (2.015)**  (0.077) (1.393) (2.394)** 
Sweden 0.468 0.122 0.019  0.018 0.101 0.045 
 (2.565)*** (0.638) (0.262)  (0.151) (0.690) (0.321) 
UK 0.260 -0.001 -0.012  -0.006 0.008 -0.011 
 (2.029)** (-0.006) (-0.214)  (-0.066) (0.076) (-0.138) 
Note: This table presents the estimates of the first element of the vector and its associated t-statistic (in parentheses). These 
estimates are interpreted as the impact of upward and downward sovereign rating drifts on the EU FX realized return as computed 
in formula (2). The sovereign ratings drifts, which represent the assessments of the CRAs on overall EU sovereign credit quality, 
are constructed as in formula (1) from ratings data provided by Standard and Poor’s (S&P), Fitch and Moody’s. *, ** and *** denote 




Table 3a-Direct impact of sovereign rating drifts on the EU stock realized volatility 
Countries 
Upward rating drift  Downward rating drift 
S&P Fitch Moody's  S&P Fitch Moody's 
Austria -1.120 -1.152 -0.430  0.379 1.234 1.071 
 (-1.214) (-1.188) (-1.857)*  (1.611) (7.442)*** (6.860)*** 
France 0.945 0.165 -0.255  0.860 0.969 0.711 
 (1.740)* (0.210) (-0.636)  (3.191)*** (3.224)*** (3.479)*** 
Germany 0.783 0.378 0.053  0.737 0.356 -0.121 
 (1.165) (0.731) (0.150)  (2.124)** (0.986) (-0.320) 
Greece 1.508 -0.912 -0.506  0.757 2.242 1.498 
 (1.427) (-1.072) (-1.290)  (2.473)** (6.465)*** (6.154)*** 
Ireland -0.233 -1.440 -0.138  0.134 0.394 0.592 
 (-0.273) (-3.001)*** (-0.457)  (0.345) (1.411) (2.263)** 
Netherlands 1.525 0.076 -0.224  0.550 0.798 -0.228 
 (2.228)** (0.089) (-0.988)  (1.602) (1.920)* (-0.926) 
Spain 2.640 -0.667 -0.262  0.834 2.054 0.637 
 (1.901)* (-0.690) (-0.581)  (1.225) (2.609)*** (1.343) 
The UK -0.158 -0.636 -0.421  0.389 0.733 0.598 
 (-0.122) (-0.973) (-2.037)**  (1.692)* (1.929)* (2.383)** 
Hungary 0.842 -0.993 -0.277  0.203 1.534 0.696 
 (0.948) (-1.382) (-0.782)  (0.469) (4.131)*** (1.774)* 
Romania -0.443 -2.193 -0.077  -0.414 0.523 0.091 
 
(-0.531) (-2.821)*** (-0.187)  (-1.549) (1.178) (0.211) 
Note: This table presents the estimates of the second element of the vector and its associated t-statistic (in 
parentheses). These estimates are interpreted as the impact of upward and downward sovereign ratings drifts on realized 
stock market volatility as computed in formula (3). The sovereign ratings drifts, which represent the assessments of the 
CRAs on overall EU sovereign credit quality, are constructed as in formula (1) from ratings data provided by Standard 





Table 3b-Direct impact of sovereign rating drifts on the EU FX realized volatility 
Countries 
Upward rating drift  Downward rating drift 
S&P Fitch Moody's  S&P Fitch Moody's 
Austria -0.799 -1.140 -0.082  0.679 1.599 0.774 
 (-1.207) (-2.406)** (-0.337)  (2.895)*** (5.294)*** (2.949)*** 
Belgium -0.768 -1.410 -0.132  0.871 1.430 1.364 
 (-1.228) (-3.015)*** (-0.514)  (3.471)*** (4.359)*** (4.804)*** 
Bulgaria -0.374 -1.014 -0.044  0.263 0.590 0.314 
 (-0.470) (-1.213) (-0.120)  (0.608) (1.317) (0.708) 
Cyprus -0.532 -0.828 -0.126  0.038 0.764 0.457 
 (-1.129) (-1.889)* (-0.629)  (0.144) (2.247)** (1.302) 
Czech -1.969 -0.285 -0.413  0.711 0.719 0.476 
 (-2.814)*** (-0.456) (-1.532)  (2.728)*** (3.596)*** (2.270)** 
Denmark -0.630 -1.143 0.048  0.590 0.672 0.896 
 (-1.501) (-2.253)** (0.179)  (3.148)*** (3.113)*** (4.089)*** 
France -0.719 -1.286 -0.135  0.774 1.401 0.544 
 (-1.113) (-2.683)*** (-0.514)  (2.924)*** (4.467)*** (1.849)* 
Germany -0.752 -1.665 -0.171  0.671 1.455 0.738 
 (-1.213) (-3.457)*** (-0.817)  (2.842)*** (5.970)*** (2.961)*** 
Greece -0.498 -1.295 0.048  0.952 1.970 1.057 
 (-0.755) (-2.621)*** (0.177)  (3.728)*** (6.624)*** (3.615)*** 
Hungary -1.586 -1.006 -0.026  0.553 1.227 0.535 
 (-2.424)** (-1.497) (-0.105)  (1.854)* (4.066)*** (1.466) 
Ireland -0.883 -0.971 0.023  0.932 1.826 0.461 
 (-1.366) (-2.017)** (0.085)  (4.033)*** (6.375)*** (1.493) 
Latvia -1.916 -0.131 -0.060  0.670 0.871 0.615 
 (-2.667)*** (-0.194) (-0.186)  (1.845)* (2.288)** (1.421) 
Malta -1.857 -2.402 0.178  0.677 0.942 0.766 
 (-1.456) (-2.708)*** (0.448)  (1.723)* (2.296)** (2.315)** 
Netherlands -0.868 -1.604 -0.187  0.592 1.554 1.470 
 (-1.401) (-3.288)*** (-0.777)  (2.305)** (5.421)*** (5.268)*** 
Poland -0.181 -1.175 0.072  0.679 1.461 0.598 
 (-0.200) (-1.552) (0.180)  (2.035)** (3.187)*** (1.624) 
Portugal -0.807 -1.107 -0.145  0.612 2.195 0.965 
 (-1.255) (-1.954)* (-0.513)  (2.056)** (7.594)*** (3.413)*** 
Romania 0.325 0.081 -0.232  0.327 1.994 -0.427 
 (0.230) (0.065) (-0.425)  (0.600) (3.318)*** (-0.804) 
Slovakia -2.038 -0.953 -0.079  0.633 1.001 0.378 
 (-3.361)*** (-1.621) (-0.274)  (2.056)** (4.268)*** (0.890) 
Spain -0.843 -1.164 -0.113  0.945 1.333 0.986 
 (-1.223) (-2.085)** (-0.421)  (3.843)*** (3.888)*** (3.294)*** 
Sweden -0.188 -0.746 -0.165  0.359 0.848 0.426 
 (-0.373) (-1.864)* (-0.850)  (1.961)** (3.397)*** (2.051)*** 
UK -1.216 -1.785 -0.159  0.128 0.574 0.240 
 (-2.415)** (-3.541)*** (-0.686)  (0.546) (2.299)*** (1.149) 
Note: This table presents the estimates of the second element of the vector and its associated t-statistic (in parentheses). These 
estimates are interpreted as the impact of upward and downward sovereign rating drifts on the EU FX realized volatility as computed 
in formula (3). The sovereign rating drifts, which represent the assessments of the CRAs on overall EU sovereign credit quality, are 
constructed as in formula (1) from ratings data provided by Standard and Poor’s (S&P), Fitch and Moody’s. *, ** and *** denote 





Table 4a-Direct impact of sovereign rating drifts on the EU stock realized skewness 
Countries 
Upward rating drift  Downward rating drift 
S&P Fitch Moody's  S&P Fitch Moody's 
Austria 1.089 -0.620 -0.021  0.027 0.148 -0.213 
 (3.453)*** (-0.784) (-0.103)  (0.116) (0.556) (-0.974) 
France 0.557 -0.033 0.248  -0.065 0.027 -0.009 
 (1.225) (-0.108) (1.970)**  (-0.319) (0.134) (-0.066) 
Germany 0.307 -0.321 0.105  0.146 0.487 0.329 
 (1.069) (-0.974) (0.669)  (0.510) (3.082)*** (2.135)** 
Greece -0.034 1.503 0.698  0.051 0.898 -0.194 
 (-0.035) (2.641)*** (3.159)***  (0.154) (3.308)*** (-0.482) 
Ireland 0.834 1.019 -0.007  0.333 0.700 0.202 
 (1.699)* (2.693)*** (-0.038)  (1.884)* (3.849)*** (0.966) 
Netherlands 0.950 -0.411 0.307  0.109 0.302 0.290 
 (2.832)*** (-0.985) (2.089)**  (0.595) (1.715)* (2.115)** 
Spain 3.790 0.839 0.019  -0.094 0.456 0.585 
 (7.638)*** (1.353) (0.087)  (-0.252) (1.650)* (2.731)*** 
The UK -0.446 -1.312 -0.178  -0.296 -0.064 0.466 
 (-0.724) (-2.199)** (-0.829)  (-1.916)* (-0.304) (2.951)*** 
Hungary 0.622 0.719 0.216  0.223 0.115 -0.124 
 (1.645)* (2.613)*** (1.258)  (1.249) (0.743) (-0.573) 
Romania -1.836 0.933 0.252  0.792 0.805 0.292 
 
(-1.878)* (1.541) (0.730)  (2.271)** (2.567)** (0.741) 
Note: This table presents the estimates of the third element of the vector and its associated t-statistic (in 
parentheses). These estimates are interpreted as the impact of upward and downward sovereign rating drifts on the EU 
stock realized skewness as computed in formula (4). The sovereign ratings drifts, which represent the assessments of 
the CRAs on overall EU sovereign credit quality, are constructed as in formula (1) from ratings data provided by 
Standard and Poor’s (S&P), Fitch and Moody’s. *, ** and *** denote significance at the 10, 5 and 1% levels, 





Table 4b-Direct impact of sovereign rating drifts on the EU FX realized skewness 
Countries 
Upward rating drift  Downward rating drift 
S&P Fitch Moody's  S&P Fitch Moody's 
Austria 0.481 0.392 0.286  0.154 0.226 0.028 
 (1.915)* (1.811)* (2.754)***  (1.585) (1.884)* (0.230) 
Belgium 0.371 0.502 0.291  0.225 0.386 0.035 
 (1.576) (2.392)** (2.962)***  (2.723)*** (3.366)*** (0.371) 
Bulgaria 0.508 0.837 0.407  0.184 0.162 0.055 
 (1.746)* (3.729)*** (2.824)***  (1.670)* (1.284) (0.625) 
Cyprus 0.050 -0.353 -0.135  0.167 0.228 0.099 
 (0.191) (-1.201) (-1.319)  (1.951)* (2.026)** (1.054) 
Czech -0.060 -0.181 0.330  0.132 0.165 0.188 
 (-0.158) (-0.598) (2.929)***  (0.984) (1.270) (2.093)** 
Denmark 0.184 0.257 0.089  0.057 0.230 0.269 
 (0.107) (1.310) (0.979)  (0.479) (2.136)** (2.833)*** 
France 0.418 0.467 0.332  0.211 0.336 0.050 
 (1.685)* (2.323)** (3.530)***  (2.318)** (2.857)*** (0.501) 
Germany 0.320 0.416 0.185  0.189 0.262 0.065 
 (1.350) (2.150)** (1.797)*  (2.021)** (2.302)** (0.625) 
Greece 0.264 0.262 0.262  0.180 0.206 0.137 
 (1.273) (1.300) (2.633)***  (1.817)* (1.566) (1.592) 
Hungary -0.551 0.563 -0.015  0.051 -0.228 -0.085 
 (-1.453) (2.267)** (-0.101)  (0.351) (-1.034) (-0.605) 
Ireland -0.335 -0.254 0.012  0.254 0.254 0.138 
 (-1.070) (-1.074) (0.112)  (3.293)*** (2.099)** (1.468) 
Latvia 0.637 0.323 -0.045  0.053 0.108 0.144 
 (4.068)*** (2.561)** (-0.529)  (0.821) (1.024) (2.344)** 
Malta -0.172 -0.147 -0.240  0.278 0.180 0.224 
 (-0.382) (-0.366) (-1.450)  (2.129)** (0.932) (1.753)* 
Netherlands 0.364 0.538 0.213  0.172 0.155 0.066 
 (1.659)* (2.516)** (2.017)**  (1.723)* (1.243) (0.606) 
Poland -0.373 -0.699 -0.174  -0.106 -0.244 -0.205 
 (-0.914) (-1.995)** (-1.166)  (-0.600) (-1.203) (-1.417) 
Portugal 0.317 0.416 0.341  0.266 0.198 0.122 
 (1.361) (2.034)** (3.212)***  (3.003)*** (1.604) (1.051) 
Romania 1.459 0.560 0.026  0.224 0.313 0.147 
 (2.234)** (0.781) (0.112)  (1.499) (1.432) (0.503) 
Slovakia 0.650 0.532 0.312  0.204 0.252 0.131 
 (2.434)** (2.544)** (3.319)***  (1.491) (2.204)** (0.691) 
Spain 0.391 0.651 0.362  0.236 0.328 0.192 
 (1.459) (3.123)*** (3.487)***  (2.766)*** (2.901)*** (2.051)** 
Sweden 0.246 0.713 0.110  0.194 0.149 -0.114 
 (0.984) (2.223)** (1.120)  (1.735)* (1.174) (-1.041) 
UK 0.564 0.076 0.049  0.130 -0.043 -0.004 
 (2.512)** (0.272) (0.490)  (1.140) (-0.328) (-0.030) 
Note: This table presents the estimates of the third element of the vector and its associated t-statistic (in parentheses). These 
estimates are interpreted as the impact of upward and downward sovereign ratings drifts on the EU FX realized skewness as 
computed in formula (4). The sovereign ratings drifts, which represent the assessments of the CRAs on overall EU sovereign credit 
quality, are constructed as in formula (1) from ratings data provided by Standard and Poor’s (S&P), Fitch and Moody’s. *, ** and 





Table 5a-Direct impact of sovereign rating drifts on the EU stock realized kurtosis 
Countries 
Upward rating drift  Downward rating drift 
S&P Fitch Moody's  S&P Fitch Moody's 
Austria -0.516 -0.308 0.112  -0.196 -0.467 -0.423 
 (-1.232) (-0.631) (1.014)  (-1.308) (-3.650)*** (-5.133)*** 
France -0.386 -0.290 0.297  -0.673 -0.418 -0.512 
 (-1.255) (-0.755) (1.541)  (-4.689)*** (-2.368)** (-4.008)*** 
Germany -0.475 -0.446 -0.061  -0.455 -0.180 -0.019 
 (-1.380) (-1.636) (-0.302)  (-2.369)** (-0.874) (-0.094) 
Greece -1.736 0.879 0.374  -0.155 -0.821 -1.060 
 (-3.064)*** (2.264)** (2.755)***  (-0.683) (-3.891)*** (-6.451)*** 
Ireland -0.335 0.675 -0.039  -0.191 -0.346 -0.432 
 (-0.883) (2.955)*** (-0.321)  (-1.151) (-2.033)** (-3.247)*** 
Netherlands -0.711 -0.027 0.171  -0.574 -0.367 0.132 
 (-2.063)** (-0.059) (1.672)*  (-3.329)*** (-1.535) (1.172) 
Spain -0.201 -0.224 0.069  0.158 0.807 0.577 
 (-0.263) (-0.312) (0.307)  (0.412) (2.680)*** (2.353)** 
The UK 0.243 0.072 0.254  -0.462 -0.593 -0.440 
 (0.363) (0.208) (2.804)***  (-3.763)*** (-2.928)*** (-3.150)*** 
Hungary -0.066 0.269 0.117  -0.126 -0.650 -0.318 
 (-0.171) (0.806) (0.783)  (-0.560) (-3.215)*** (-1.648)* 
Romania 0.421 1.102 -0.090  0.177 -0.122 0.111 
 
(0.946) (2.402)** (-0.429)  (0.745) (-0.214) (0.384) 
Note: This table presents the estimates of the fourth element of the vector and its associated t-statistic (in 
parentheses). These estimates are interpreted as the impact of upward and downward sovereign rating drifts on the EU 
stock realized kurtosis as computed in formula (5). The sovereign rating drifts, which represent the assessments of the 
CRAs on overall EU sovereign credit quality, are constructed as in formula (1) from ratings data provided by Standard 





Table 5b-Direct impact of sovereign rating drifts on the EU FX realized kurtosis 
Countries 
Upward rating drift  Downward rating drift 
S&P Fitch Moody's  S&P Fitch Moody's 
Austria 0.241 0.458 0.084  -0.046 -0.199 -0.183 
 (0.913) (2.413)** (0.669)  (-0.451) (-1.234) (-1.410) 
Belgium 0.134 0.461 0.083  -0.282 -0.530 -0.339 
 (0.432) (1.989)** (0.545)  (-2.231)** (-2.964)*** (-2.471)** 
Bulgaria -0.073 0.677 -0.246  0.074 -0.090 -0.192 
 (-0.168) (1.966)** (-0.915)  (0.393) (-0.374) (-0.837) 
Cyprus 0.436 0.002 0.128  0.231 0.223 0.070 
 (1.551) (0.008) (0.958)  (1.704)* (1.148) (0.512) 
Czech 0.830 0.253 0.168  -0.124 -0.107 0.055 
 (2.384)** (0.776) (1.469)  (-0.913) (-0.540) (0.373) 
Denmark 0.361 0.201 0.044  -0.087 0.026 -0.316 
 (2.540)** (0.736) (0.351)  (-0.716) (0.158) (-2.733) 
France 0.031 0.304 0.089  -0.163 -0.456 -0.134 
 (0.108) (1.396) (0.612)  (-1.471) (-2.902)*** (-1.076) 
Germany 0.112 0.319 0.106  -0.025 -0.197 -0.255 
 (0.501) (1.702)* (1.245)  (-0.246) (-1.640) (-2.404)** 
Greece 0.375 0.397 0.003  -0.220 -0.468 -0.421 
 (1.562) (1.927)* (0.023)  (-2.092)** (-3.391)*** (-3.661)*** 
Hungary 0.666 0.296 0.429  -0.261 -0.846 -0.379 
 (2.505)** (1.021) (3.732)***  (-1.429) (-4.224)*** (-1.983)** 
Ireland 0.179 0.347 0.045  -0.321 -0.633 -0.321 
 (0.653) (1.759)* (0.319)  (-2.832)*** (-4.146)*** (-2.111)** 
Latvia -0.185 -0.396 -0.015  -0.008 0.086 0.161 
 (-0.785) (-1.752)* (-0.136)  (-0.064) (0.711) (1.419) 
Malta 0.363 0.922 0.108  -0.345 -0.455 -0.414 
 (0.765) (2.449)** (0.606)  (-1.840)* (-1.427) (-2.115)** 
Netherlands 0.091 0.382 0.094  0.016 -0.175 -0.320 
 (0.391) (1.689)* (0.889)  (0.155) (-1.250) (-2.697)*** 
Poland 0.305 0.569 0.068  -0.232 -0.654 -0.061 
 (0.621) (1.529) (0.332)  (-1.323) (-3.577)*** (-0.317) 
Portugal 0.389 0.306 0.081  -0.308 -0.465 -0.413 
 (1.224) (1.066) (0.506)  (-2.074)** (-2.964)*** (-2.560)** 
Romania -0.717 -0.080 -0.116  -0.308 -0.831 -0.434 
 (-0.996) (-0.097) (-0.357)  (-0.825) (-2.429)** (-1.295) 
Slovakia 0.736 0.355 0.090  -0.127 0.007 -0.205 
 (2.909)*** (1.383) (0.647)  (-0.902) (0.047) (-1.340) 
Spain 0.291 0.151 0.107  -0.391 -0.613 -0.413 
 (0.889) (0.537) (0.647)  (-3.104)*** (-3.234)*** (-3.040)*** 
Sweden 0.403 0.348 0.113  -0.027 -0.172 -0.257 
 (1.882)* (2.008)** (1.115)  (-0.241) (-0.975) (-2.407)** 
UK 0.340 0.370 0.084  0.042 -0.145 -0.123 
 (1.666)* (2.102)** (0.771)  (0.371) (-1.127) (-1.187) 
Note: This table presents the estimates of the fourth element of the vector and its associated t-statistic (in parentheses). These 
estimates are interpreted as the impact of upward and downward sovereign rating drifts on the EU FX realized kurtosis, as computed 
in formula (5). The sovereign rating drifts, which represent the assessments of the CRAs on overall EU sovereign credit quality, are 
constructed as in formula (1) from ratings data provided by Standard and Poor’s (S&P), Fitch and Moody’s. *, ** and *** denote 
significance at the 10, 5 and 1% levels, respectively.
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